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Abstract

In recent years, deep neural networks have been widely adopted in
computer vision applications. However, deploying these networks on
portable and edge devices faces serious challenges due to limited
computational resources, memory capacity, and power consumption
constraints. One effective approach to overcoming these limitations
is the use of advanced heterogeneous platforms such as AMD Versal.
In this work, the implementation of a shallow version of the
SqueezeNet network, consisting of four Fire modules, on the
XCVE2302 device of the AMD Versal VD100 platform is
investigated. First, the network was implemented using the PyTorch
library in the Google Colab environment and trained on the CIFAR-
10 dataset. Subsequently, the network architecture along with the
trained weights was mapped to hardware using the Vitis HLS tool
within Vivado 2023. The final implementation operates at a clock
frequency of 100 MHz and utilizes 129 BRAM blocks and 136
URAM blocks, with a total power consumption of approximately
3.984 W. The obtained results demonstrate that by designing
lightweight neural networks and employing efficient memory
resource management, it is possible to implement efficient
accelerators on the Versal platform. Furthermore, fully exploiting the
architectural capabilities of AMD Versal can significantly reduce the
challenges associated with deploying deep neural networks on
hardware accelerators.
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